Introduction

56
We commonly use our hands to move and manipulate objects in different environments. 57
Many of these tasks tend to destabilize arm posture (Rancourt and Hogan 2001) . 58 Nevertheless, they can be completed because the central nerve system (CNS) regulates the 59 mechanical properties of the arm to compensate for these instabilities, usually ensuring that 60 the coupled system of the arm and its environment remains stable so that posture can be 61 maintained (McIntyre et al. 1996) . Understanding how this regulation occurs and the relative 62 contributions of the nervous system and the intrinsic biomechanics of the arm remains an 63 important problem in motor control. uniformly with changes in muscle activation or non-uniformly to represent the increasing 92 length at which peak forces are generated for submaximal contractions (Rack and Westbury 93 1969) . While the force-length curve describes the isometric force generated when a muscle is 94 activated at different lengths, it does not describe how muscle force changes when length is 95 changed (Joyce et al. 1969 ). For small rapid perturbations, the initial forces generated by a 96 muscle can be described in terms of its short-range stiffness (Rack and Westbury 1974) , 97 which is thought to depend largely on the stiffness of the active cross-bridges acting in series 98 with the passive structures of the muscle (Morgan 1977) . It has been suggested that the 99 short-range stiffness properties of muscle are a major factor in determining the stiffness of a 100 The primary objective of this work was to evaluate the hypothesis that the endpoint stiffness 106 of the human arm can be accurately described by the intrinsic short-range stiffness of its 107 active muscles, coupled to a realistic model of musculoskeletal geometry. This hypothesis 108 was evaluated by adding scalable models of short-range stiffness (Cui et al. 2008 model was compared to models that considered only the force-length properties of muscle. 113
Our results clearly demonstrate that intrinsic muscle properties can account for previously 114 reported variations in arm stiffness when short-range stiffness is considered, but not when 115 using muscle models that consider only force-length properties. These results clarify how 116 intrinsic muscle properties can contribute to the regulation of limb mechanics in the absence 117 of neural feedback. Furthermore, experimental deviations from the model predictions can be 118 used to identify situations in which neural control strategies beyond feedforward muscle 119 activation are required to regulate arm stiffness in a task-appropriate manner. Portions of this 120 work have been presented previously in abstract form (Hu et al. 2009a; Hu et al. 2009b) . 121
122
Methods
123
Modeling 124
To evaluate the extent to which the endpoint stiffness produced during small, rapid 125 perturbations is dominated by the short-range stiffness of active muscles, we performed 126 simulations that coupled a musculoskeletal model of the upper limb with a scalable model of 127 muscle stiffness. This muscle model estimates the short-range stiffness of a given muscle 128 based on its geometry and active force (Cui et al. 2008) . We compared these results with 129 simulations that combined the same musculoskeletal model with muscle stiffness estimated 130 using (i) the slope of the isometric force-length relationship during full activation (Zajac 131 1989) , and (ii) the slope of the isometric force-length relationship, adjusted based on muscle 132 activation level to reflect the shift in optimal fiber length with activation (Lloyd and Besier 133 2003) . 134
135
The musculoskeletal model of the upper limb implemented in our study was adapted from the 136 model described by Holzbaur et al. (2005) . Our simulations incorporated kinematic 137 representations of the shoulder and elbow joints, and included a total of 37 muscle segments. 138
These segments corresponded to 9 shoulder muscles, separated into 15 segments; 14 elbow 139 muscles, represented by 19 segments; and 2 biarticular muscles, represented by 3 segments. 140
This model was used to obtain parameter values for optimal muscle fiber lengths, maximum 141 isometric muscle forces, tendon slack lengths, and muscle moment arms, as needed for our 142 simulations. Both the moment arms and the isometric force-generating capacity of the 143 muscles estimated using this model vary as a function of joint posture. The parameter values 144 in the musculoskeletal model describing the peak isometric forces for individual muscles 145 were scaled from their original values (which were based on anatomical data collected in 146 cadavers) using recent data describing both muscle volumes (Holzbaur et al. 2007b was assessed using the sensitivity analyses described below. 167
Estimation of muscle forces 169
Optimization was used to estimate the distribution of muscle forces for a specific set of joint 170 torques. The cost function for this analysis was the sum of the squared muscle forces, 171 expressed as a fraction of the maximum force for each muscle (Eq. 3) (Anderson and Pandy 172
2001; Crowninshield and Brand 1981). The problem was constrained such that 1) the 173 resulting muscle forces summed to the specified joint torques (Eq. 4), and 2) muscle forces 174 were positive and less than or equal to the maximum achievable forces at the current arm 175 posture (Eq. 5). In these equations, 
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183
Model-based estimation of arm stiffness 184
Once muscle forces were estimated, we computed the corresponding joint and endpoint 185 stiffnesses. The estimated force for each muscle ( The experimental measurements involved estimating endpoint stiffness as subjects exerted 214 constant levels of endpoint force against a rigid manipulator. All measurements were made in 215 the horizontal plane with a shoulder abduction angle of 90° and are described in detail in the 216 original publication (Perreault et al. 2001 ). In summary, the subjects' hands were positioned 217 either directly in front of the sternum (medial posture), in front of the shoulder (central 218 posture), or lateral to the shoulder (lateral posture). For the purpose of our endpoint stiffness 219 simulations, we selected data corresponding to all five subjects tested in the previous study. 220
We simulated the endpoint stiffness of these subjects at four endpoint force magnitudes, 221 corresponding to 7.5%, 15%, 22.5%, and 30% of the subjects' maximum voluntary 222 contractions. These forces were oriented along one of four directions (±X, lateral and medial; 223 and ±Y, anterior and posterior). Using the model, joint torques (TQ) were calculated from the 224 measured endpoint forces (F end ) using the standard relation shown in Eq.8. 225
Given these joint torques, a model-based estimate of endpoint stiffness could be obtained by 227
solving Equations 1-7, as described above. Experimental estimates made under passive 228 conditions were used to define the passive properties of the joints within the model. 229
230
We also compared model-based estimates of elbow stiffness to those obtained from themulti-joint experimental study described above and to those measured in a previously 232 published single-joint experiment (Cannon and Zahalak 1982). For these estimates, the 233 model was compared to the previously published group results to obtain estimates of the 234 expected experimental variability across subjects. All predictions were restricted to elbow 235 moments between -20 to 20 Nm, to remain within the range of previously reported 236 experimental results. 237 238
Model comparisons 239
As an alternative to characterizing muscle stiffness, K m , by estimates of short-range stiffness, 240
we also estimated muscle stiffness as the slope of the force-length relationship, and then used 241
Eq. 1 to compute the total stiffness of the muscle-tendon unit. 
where λ is the percentage change in optimal fiber length, a(t) the activation at time t,
the optimal fiber length at time t and activation a(t). λ was chosen as 0.15, which means the 256 optimal fiber length is 15% longer at zero activation (Lloyd and Besier 2003) . 257
258
The activation a(t) in Eq. 9 was determined in a different way from that used for 259 activation-independent force-length curve. First, for each muscle, the force resulting from the 260 optimization was used in a force balance equation to calculate the force in the tendon and, 261 therefore, the tendon length. Next, muscle fiber length was determined by subtracting the 262 calculated tendon length from the musculotendon length, which was explicitly defined by the 263 musculoskeletal model as a function of arm geometry. The combination of muscle force and 264 fiber length that resulted from this process uniquely determined activation. 265 volume. The maximum force a muscle can produce is determined by its physiological 284 cross-sectional area (PCSA). PCSA is a measure of the muscle's total volume, normalized by 285 fiber length and adjusted by pennation angle so that the maximum isometric force-generating 286 capability of muscles with different lengths and orientations of fibers can be compared 287 directly, based only on anatomical measurements (Spector et al. 1980) . When comparing the 288 same muscle (i.e., the triceps brachii from a small female to the triceps brachii of a large 289 male), differences in muscle volume dominate inter-subject variability. For example, the 290 relative variance (standard deviation/mean) of triceps volume was 47% in a study of 10 291 healthy subjects spanning a large size range (Holzbaur et al. 2007b ). In contrast, optimal 292 fascicle length in triceps long head varied by only 17% in a cadaver study that included a 293 comparable range of specimen sizes (Murray et al. 2000) . Total muscle volume in the upper 294 limb varied threefold across young healthy subjects, while volume fraction (defined as 295 individual muscle volume/total muscle volume) had a standard deviation of approximately 296 20 percent on average (Holzbaur et al. 2007b ). Variation in volume fraction was used to 297 assess the sensitivity of our stiffness estimates to the uncertainty in our parameters defining 298 relative muscle strength within a given subject. Changes in absolute strength across subjects 299
were assessed separately, as described below. 300
301
The influence of variability in moment arms, tendon stiffness, joint angles, and muscle 302 volume fraction on our results was assessed independently. Three hundred simulations were 303 performed per set, for a total of 1,200 simulations (4 parameter types x 300 individual 304 simulations). In each individual simulation, the parameter of interest was selected randomlyfor each muscle (or joint for simulations that explored variability in joint posture). 306
307
The results of these simulations were summarized by the standard deviation of the endpoint 308 stiffness characteristics described previously: area, orientation and shape. The sensitivity of 309 each model output to a given parameter was reported as the standard deviation of the output 310 across the 300 Monte Carlo simulations performed for each parameter. The standard 311 deviations of estimated stiffness area and shape were normalized by their nominal values. 312
The standard deviation of the estimated endpoint stiffness orientation, however, was 313 described in absolute units since the nominal values depend on the defined coordinate system 314 orientation and are not meaningful for these purposes. 
Model-based estimation of endpoint stiffness 340
The model-based estimates of endpoint stiffness were similar to the experimental results in 341 orientation, shape and area over the full range of tested forces and postures across all subjects. 342
Typical model estimates for a single subject (No.4) is shown in Figure 2 . On average, the 343 model accounted for 98±2% of the variation in stiffness orientation across all tested 344 conditions. Over the same range of conditions, the model accounted for an average of 91±4% 345 and 82±12% of the variability in stiffness shape and area, respectively (Table 1) . 346 
Sensitivity analysis 371
The model-based estimates of endpoint stiffness were relatively insensitive to changes of 372 model parameters. The maximum expected errors in the estimated endpoint stiffness 373 orientation, shape and area were 6.3 degrees, 22% and 23%, respectively (Table 2) .
Model-based estimates of endpoint stiffness generally were most sensitive to errors in model 375 moment arms, volume fraction and joint angles. The model-based estimates were 376 approximately an order of magnitude less sensitive to errors in the estimated tendon 377
properties. Orientation was most sensitive to changes in joint angles, although even this 378 sensitivity was small, resulting in a maximum expected orientation error of less than 7 379 degrees. Endpoint stiffness shape and area were most sensitive to uncertainty in moment arm 380 values. Again, these sensitivities were small, resulting in expected errors less than 25% for 381 parameter errors at the maximum of the plausible range. 382
383
Changes in total muscle volume also did not substantially influence the model predictions. 384
From smallest (M1) to the largest (M5) male subjects (total muscle volume increased by 385 50%), the variation in the model output relative to the nominal parameter values was lower 386 than 2 deg for the orientation ( Figure 4A ) and 10% for the shape and the area ( Figure 4B) . 387
For the smallest female (F1), the variation in the model output was about 4 deg for endpoint 388 stiffness orientation ( Figure 4A ) and 15% for the shape and the area ( Figure 4B ). Though the 389 model worked best with male subjects, which the nominal parameter values represented, it 390 also gave reasonably good estimates for the smallest female subject (~4 deg variation in the 391 orientation and ~15% variation in the shape and the area), whose total muscle volume was 392 approximately only 40% of the average male subject represented by our model. 393
Discussion
395
The purpose of this study was to quantify the degree to which the endpoint stiffness of the 396 human arm could be attributed to the short-range stiffness of the active muscles within the 397 arm. This was accomplished by combining scalable models of short-range stiffness with a 3D 398 musculoskeletal model of the upper limb and evaluating how well this combined model 399 could explain previously collected experimental data. We found that the combined model 400 accurately described the variation in endpoint stiffness across a range of arm postures and 401 voluntary forces. Importantly, these predictions were made without fitting any model 402 parameters to the experimental data. In contrast, muscle stiffness estimates obtained from the 403 slope of the force-length curve were unable to describe the experimentally measured 404 variations in endpoint stiffness. These results suggest that the short-range stiffness of 405 muscles within the arm is a major contributor to endpoint stiffness. Furthermore, the model 406
we have developed provides an important tool for assessing how the nervous system can 407 regulate endpoint stiffness via changes in muscle co-contraction in addition the reciprocal 408 activation needed to generate the forces for a specific task. 
